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Predicting the bearing capacity of spread footings on aggregate pier-reinforced soil is particularly important for ground im-
provement. Various methods for predicting the bearing capacity of spread footings supported on aggregate pier-reinforced clay
have been proposed. In addition, many felds or laboratory load tests have been conducted to identify the improvement efects of
aggregate pier. However, no study has quantitatively compared the efect of the experimental scale on the prediction of bearing
capacity. In this study, multiple linear regression analyses were performed for feld and laboratory load tests, and the efects of the
load test scale on bearing capacity prediction were identifed. Te sensitivity analysis showed that the prediction model for the
laboratory load test (MLRL) exhibited a higher sensitivity for the undrained shear strength than that of the feld load test model
(MLRF). However, the sensitivity of the area replacement ratio of MLRL was less than half that of the MLRF. As the undrained
shear strength increased, the predicted bearing capacity of the MLRL was larger than that of the MLRF owing to the infuence of
boundary conditions on the experimental equipment.

1. Introduction

It is widely known that soft soils exhibit problematic
properties for construction, such as low shear strength and
high compressibility. Tese engineering properties of soft
soils should be improved such that the soil can safely carry
structural loads. Aggregate piers are a reinforcement tech-
nique used to improve soft soils.Tey have been increasingly
used to reduce settlement and lateral displacement and
increase the bearing capacity and stifness of soil [1–3].
Moreover, aggregate piers function as drains and rapidly
dissipate excess pore pressure while accelerating the con-
solidation of the surrounding soft clay. An important aspect
of improved soils is predicting the ultimate bearing capacity
according to improvement conditions [4]. Generally, feld or
laboratory load test results are used to identify the im-
provement efects of aggregate piers and verify the proposed
model for predicting the bearing capacity. Field load tests
provide more realistic results than laboratory load tests;

however, it is difcult to consider a range of construction
conditions in terms of time and money. Additionally, it is
difcult to adjust the independent variables that afect
bearing capacity in the feld. Terefore, an analysis of the
improvement efects (such as the bearing capacity and
settlement) according to the installation conditions of the
aggregate piers was conducted via a laboratory load test.
However, most laboratory load tests are performed with
small-scale physical models under normal gravity (1 g);
therefore, laboratory load tests have the problem of scale
efects, as modeling size is reduced considerably compared
to the actual size. Another factor infuencing experimental
results is the boundary efect of the experimental equipment.
For these reasons, the engineering characteristics of ag-
gregate piers identifed in the laboratory may difer from
those in the feld.Tis means that the improvement efects of
aggregate piers according to various installation conditions
can be confrmed through laboratory load test results;
however, there is a limit to its application in the feld.
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Nevertheless, many researchers have performed laboratory
load tests because the improvement efects can be efectively
identifed. Moreover, laboratory load test results are often
used as verifcation data for numerical analysis [5]. Pre-
dictive models for predicting the bearing capacity of ag-
gregate pier-reinforced soil are constantly being proposed
and updated using feld and laboratory load test results. Most
of these studies aim to improve prediction accuracy by using
various modeling techniques. However, predictive models
for feld and laboratory load tests are incompatible. In other
words, if the predictive model derived from the laboratory
load test is applied to feld conditions or vice versa, the
prediction error is exceptionally large and unacceptable.
However, no studies have identifed the relationship between
feld and laboratory load tests or quantitatively analyzed the
improvement efects of aggregate pier installation in an
experimental scale.

In this study, feld and laboratory load test data for ag-
gregate piers were collected, and the efects of the experimental
scale on the prediction of the ultimate bearing capacity of
aggregate piers were comparatively analyzed. A total of 85
laboratory load test data were collected from various previous
studies, and 76 load test data (in which outliers were removed)
were adopted for analysis. For the feld load test, a total of 37
data that collected by Stuedlein and Hotlz [3] and updated by
Bong et al. [6] were adopted.Te ultimate bearing capacity can
be obtained from the load-settlement curve, and it varies
depending on the calculation method used for it.Terefore, all
load-settlement curves in the literature were digitized and
redrawn, and the ultimate bearing capacity was determined by
using the hyperbolic method. Prediction models for the
bearing capacity were established through multiple linear
regression (MLR) analysis considering several types of input
variables based on the load test data. Two modeling ap-
proaches were considered in this study. Te frst approach
involved creating an MLR model using both feld and labo-
ratory load test data, ignoring load test scale efects; the second
approach involved creating separate MLR models for the feld
and laboratory load test data, with the same input variables
that minimize the mean absolute error (MAE). Here, the
optimal input variables were selected based on the results of
the leave-one-out cross-validation, and a fnalMLRmodel was
proposed using all load test data. A sensitivity analysis for the
proposed MLR models was performed to identify the dif-
ferences in the infuence of the pier installation conditions on
the ultimate bearing capacity according to the experimental
scale. In addition, the extent to which the variables afected the
diferences in bearing capacity was assessed. Finally, a para-
metric analysis was performed to investigate the diference in
efect of increasing the ultimate bearing capacity according to
the change in the improvement conditions, and the diferences
between the feld and laboratory load tests were compared.

2. Theoretical Background

2.1. Bearing Capacity of Aggregate Piers. Under a vertical
load, aggregate piers transmit the load to the surrounding
soil via side friction or lateral confnement [7]. Te light
vertical load acting on the pier is primarily supported by side

friction, and shear stresses are mobilized along the upper
part of the pile-soil interface as the applied vertical load
increases [8].Te displacement occurs as the load acts on the
pier, and the pier system fails after experiencing the max-
imum support load. Typically, only extremely small relative
displacements are required for the bearing capacity to reach
the ultimate state [9]. Barkdale and Bachus [10] suggested
three failure mechanisms for homogeneous soft soils rein-
forced with aggregate piers. Tey noticed that the failure
mode difered depending on the pier support condition
(foating and end-bearing), and the soil and pier shape
conditions (Figure 1).

Bulging failure occurs when the pier length is longer than
the critical length, and bulging occurs at depths of 2-3 times
the pier diameter, as shown in Figure 1(a). Shear failure
generally occurs in short piers supported by frm-bearing
strata or when the pier is not considerably stronger than the
surrounding matrix soil. Te shear failure mechanism is
similar to shallow foundation failure, as shown in
Figure 1(b). Floating aggregate piers with slenderness ratios
of less than three fail owing to plunging, as illustrated in
Figure 1(c). Various prediction models have been proposed
to predict the ultimate bearing capacity in accordance with
the failure modes, which were summarized by Aboshi and
Suematsu [11] and Kim and Lee [12].

2.2. Calculation Method for Determining Ultimate Bearing
Capacity. Te ultimate bearing capacity can be obtained
from the load-settlement curve, which is the result of the
load test. In the load test, determining the ultimate bearing
capacity at which the load-settlement curve reaches almost
equilibrium on the settlement axis is often limited owing to
various conditions, such as the performance of the test
equipment, soil, and test conditions. In addition, the load
test was completed without sufcient displacement, leading
to failure. Terefore, various interpretation methods have
been proposed to determine the ultimate bearing capacity
from the load-settlement curve (Figure 2). However, there is
still no specifc procedure for determining the ultimate
bearing capacity of piers.

In tangent intersection method, the stress at the inter-
section of the initial and fnal tangent slopes of the load-
settlement curve is determined to be the ultimate bearing
capacity [13]. Te log-log method was used to plot the stress
and corresponding settlement on a logarithmic scale, cre-
ating two distinct straight lines. Here, the stress at the in-
tersection of the two straight lines was determined to be the
ultimate bearing capacity [14]. In the 0.1 Bmethod, the stress
that produces a relative settlement of 10% of the width (s/
B= 0.1) is defned as the ultimate bearing capacity [15].
Duncan and Chang [16] introduced a hyperbolic stress-
strain model for soil and used it to determine the primary
consolidation settlement and the ultimate bearing capacity
[17–21]. In the load-settlement curve, the hyperbolic model
is expressed as follows:

s

q
� a + bs, (1)
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Figure 1: Failure modes of individual columns: (a) bulging failure, (b) shear failure, and (c) punching failure.
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Figure 2: Methods for determining ultimate bearing capacity from load test results: (a) tan tangent intersectionmethod, (b) log-log method,
(c) 0.1 B method, and (d) hyperbolic method.
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where s is the settlement, q is the stress acting on the
foundation, and a and b are linear regression constants. Te
inverse slope of this linear relationship (1/b) is defned as the
ultimate bearing capacity.

Lutenegger and Adams [22] compared the diference in
ultimate bearing capacity according to the four interpreta-
tion methods as shown in Figure 2, and the largest ultimate
bearing capacity was generally determined in the order of the
hyperbolic, 0.1 B, tangent intersection, and log-log methods,
respectively. Determining the ultimate bearing capacity in a
consistent manner is signifcantly important because even
the same load test results can lead to quite diferent results
depending on the method of determining the ultimate
bearing capacity. Te ultimate bearing capacity provided in
the literature was defned using various methods; however,
some studies did not provide it. Unfortunately, it is im-
possible to obtain raw data for the load-settlement curves
provided in numerous studies. Terefore, in this study, all
load-settlement curves in the literature were digitized and
redrawn, and the ultimate bearing capacity was determined
using the hyperbolic method.

2.3. Prediction ofUltimateBearingCapacity. Since the 1970s,
various methodologies have been developed to predict the
bearing capacity of reinforced soil based on analytical
methods [23–26], empirical methods [1, 27, 28], and nu-
merical methods [10, 29–31]. However, despite these studies,
the existing models exhibit large errors and a high degree of
prediction variability; therefore, they are unsuitable for
practical use [3]. Stuedlein and Holtz [3] proposed new
models that modify the methods proposed by Hughes et al.
[24] and Mitchell [28]. Tis resulted in improved prediction
accuracy and reduced variability. Later, Bong et al. [6]
modifed these models to consider the efect of the area-
replacement ratio more reasonably. Recently, artifcial in-
telligence (AI) has been used to solve complex geotechnical
problems. Specifcally, artifcial neural networks (ANN) and
deep neural networks (DNN) have been used to predict the
bearing capacity of aggregate pier-reinforced soils [1, 32, 33].
Bong et al. [1] proposed an MLR and DNN models for
predicting the ultimate bearing capacity using the same 37
feld-load test data used in this study. Tey proposed MLR
modeling considering nonlinearity with dependent variables
by adding various variable forms, such as x2, 1/x, ln(x), and��

x
√

. As a result, both models were able to signifcantly
improve the prediction accuracy compared to the existing
models, and the MLR and DNN models were found to have
similar accuracies for the ultimate bearing capacity pre-
diction. Using the load test data generated by Bong et al. [1],
Dadhich et al. [34] also performed modeling to predict the
ultimate bearing capacity of aggregate pier-reinforced clay
using machine learning. Although artifcial intelligence
models, such as ANN and DNN, have achieved success in
improving prediction accuracy, these black-box models have
limitations in identifying the relationship between inde-
pendent and dependent variables.Tis study aims to identify
the efects of the load test scale on the prediction of the
bearing capacity, rather than improving the prediction

accuracy. Terefore, an MLR model that could clearly
identify the relationship between the independent and de-
pendent variables was adopted. In particular, the MLR
modeling method proposed by Bong et al. [1] has demon-
strated high performance in predicting the ultimate bearing
capacity of aggregate pier-reinforced clay and showed high
prediction accuracy compared to the DNN model.

2.4. Multiple Regression Analysis. MLR is a widely used
statistical technique to model the linear relationship between
a dependent variable and two or more independent variables
and can be expressed as follows:

y � β0 + β1x1 + β2x2 + · · · + βnxn + ε, (2)

where xi is the independent variable, β0 is a constant (y-
intercept), and ε is an error term. β0, β1, . . ., βn are the
regression coefcients representing the change in y
according to the change in x. Equation (2) can be expressed
using a matrix form, and the regression coefcients of MLR
can be estimated using the least squares method as follows:

[β] � [X]
T
[X] 

−1
[X]

T
[Y], (3)

where [X] is the matrix for independent variables, [β] is the
matrix of regression coefcients, and [Y] is the matrix for
dependent variables. Although various independent vari-
ables and their combinations can be considered in MLR
modeling, the MLR model is too complex to account for all
possible independent variables. In particular, some inde-
pendent variables may not have a substantial efect on the
outcomes or reduce accuracy. Terefore, appropriate input
variables must be selected to establish an optimal MLR
model. Commonly used independent variable selection
methods include forward selection, backward elimination,
and the stepwise method. However, these methods do not
always guarantee an optimal variable selection. When var-
ious equation forms are considered for variables such as x
and x2, other input variables can be selected because of
multicollinearity, even though x and x2 are the optimal
variables considering nonlinearity. Helsel and Hirsch [35]
discussed the disadvantages of existing variable selection
methods. By evaluating all combinations of input variables,
they noted that there were numerous benefts to selecting the
optimal input variables. Terefore, MLR modeling was
performed in the same manner as suggested by Bong et al.
[1], selecting the optimal model by considering various
equation forms of input variables and their combinations.
Figure 3 presents a process diagram of the MLR model
suggested by Bong et al. [1].

For convenience of application, the number of input
variables was set to four because there was no signifcant
diference in accuracy when using four and fve input
variables. Two modeling approaches were considered to
estimate the ultimate bearing capacity using feld and lab-
oratory load test data:

(i) Approach 1: MLR for the ultimate bearing capacity
was performed using all the load test data without
distinguishing between the feld and laboratory load
tests
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(ii) Approach 2: MLRs using the same input variables
were performed for feld and laboratory load tests,
respectively

Although the infuence of the input variables on the
ultimate bearing capacity is diferent between the feld and
laboratory load tests, Approach 1 ignores the experimental
scale efect and builds an MLR model using both feld and
laboratory load test data. Tis approach is simple and can be
applied universally without distinguishing between the feld
and the laboratory load tests. Approach 2 involved per-
forming each MLR by considering the scale efect of the load
test. It is important to note that although MLR modeling for
the feld and laboratory load tests was performed, the MLR
models were created to have the same input variables. If
optimal MLR models are selected using only the minimum
prediction error, the input variables of the MLR models for
the feld and laboratory load tests may be diferent, and the
diference between them would be difcult to compare
quantitatively. Terefore, the two MLR models were
established to have the same input variables, while having
the lowest MAE.

3. Results and Discussion

3.1. Load Test Database. Laboratory load test data were
collected from various studies, and the following criteria
were considered to ensure the quality of data: (a) the load test
results that provide accurate information on the experi-
mental conditions with the load-settlement curve in the
literature, (b) load test performed on homogeneous soil, and
(c) the width of the experimental equipment more than
twice the loading plate. Te pier supporting conditions were
divided into foating and end-bearing conditions, and the
bearing capacity could be large when the end-bearing pier
had a small slenderness ratio (Sr). Bulging failure can occur
at shallow depths of less than 2–3 times the pier diameter
[10, 36]. Terefore, for the end-bearing condition, only the
case of Sr≥ 4 was adopted, and the efect of the pier sup-
porting condition was excluded in this study. Tus, 85
laboratory load test data were collected. However, these load
tests have been conducted by various researchers, and the
results could have been infuenced by many factors, in-
cluding experimental error, soil type, and equipment.
Hence, some load tests may yield unusual results that can
function as a major factor in distorting the model. Conse-
quently, data preprocessing is required to identify and
remove outliers. Bong et al. [6] found and removed load test
data that reduced model accuracy by investigating the
overall absolute error change due to the removal of a load
test. To remove outlier data for laboratory load tests, the
optimal MLRmodel with the lowest MAE was selected using
all the laboratory load test data. Subsequently, the change in
the MAE according to the removal of each load test was
investigated. Te results are shown in Figure 4.

Te dotted line indicates the MAE (equal to approxi-
mately 60.3 kPa) when all the loading test data were used for
the MLR model. It was found that if some load tests were
excluded, the overall MAE was reduced considerably.

Terefore, nine load tests corresponding to approximately
10% of the total data were excluded from the MLRmodel.Te
ranges of the feld and laboratory loading test conditions are
summarized in Table 1, and the box plots for the undrained
shear strength (su), area replacement ratio (ar), Sr, and ultimate
bearing capacity (qult) are compared in Figure 5.

Te su reproduced in the laboratory was low compared to
that of the feld, and the average su for the feld was three
times higher than that of the laboratory. In particular, su in
the feld varied broadly, from 12 to 100. Te range of ar for
the feld and laboratory was similar, but the interquartile
range (IQR) for the laboratory was relatively low. In other
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Figure 3: Diagram of MLR modeling process.
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words, most of the laboratory loading tests were performed
under a low ar. Te average Sr of the feld was higher with a
wider range than that of the laboratory because the specifc
test was performed with a high Sr of 26.7. However, the IQR
for the laboratory was slightly higher than that for the feld.
Te range of qult was relatively similar, but the IQR for the
laboratory was lower than that for the feld because the
majority of the laboratory load tests had a low qult.

3.2. Estimation of Ultimate Bearing Capacity Using Approach
1. Approach 1 involves establishing anMLRmodel using all
the load test data, comprising a total of 113 load test data, 37
of which were feld load tests, and 76 of which were labo-
ratory load tests. Te number of input variables was set to
four, and various equation forms of input variables and their
combinations were considered as the input variables of the
MLR. In this study, the diameter and length of the pier,
which are variables related to the pier shape, were not
considered directly because of the diferences in scale be-
tween the feld and laboratory. Terefore, the efect of the
pier shape was only considered by Sr. As a result, three
variables (su, ar, and Sr) were considered in Approach 1. To
consider the nonlinear relationship between the indepen-
dent and dependent variables in MLR, several types of input
values were generated, given frequently used parameter
types, as summarized in Table 2.

Consequently, 5,985 MLR models were generated by
considering combinations of 21 input variable types
(21C4 � 5,985). Leave-one-out cross-validation was per-
formed to evaluate the prediction error of the independent
loading test, and the top three MLR models that showed the
best performance based on mean absolute error (MAE) were
selected. Te results are summarized in Table 3.

Although the combination of ( ����
suar

√ , Sr,
��
Sr


, ��

su

√
Sr)

provided the lowest MAE, the diference was only 0.2 kPa
from the combination of (ar, ln (su), 1/su, ar/su), which
showed the second-lowest MAE. However, compared with
those of the frst-ranked model, the bias of the second-
ranked model was slightly lower; its variability was ap-
proximately 8% lower, indicating that a more robust pre-
diction was possible considering the entire bearing capacity
range. Terefore, the fnal MLR model was established using
all the load test data and a combination of input variables for
the second-ranked model. Te best-ftting MLR model is
expressed as follows:

qult � 3.44ar + 2611.6
1
su

+ 465.7 ln su(  − 14.18
ar

su

− 1220.3,

(4)

where ar and su are measured as percentages and kPa, re-
spectively, and the bestMLRmodel obtained using both feld
and laboratory data (MLRT) is expressed as a function of
only ar and su. Figure 6 presents a comparison of the ob-
served and predicted ultimate bearing capacities of the fnal
MLR model for Approach 1, and the results are summarized
in Table 4.

TeMAE,MAPE (mean absolute percentage error), bias,
and coefcient of variation (COV) in the bias for MLRTwere
91.7 kPa, 21.99%, 1.01, and 27.2%, respectively.Te proposed
MLRT was found to have an error of approximately 20%
considering the bearing capacity size, and it showed a rel-
atively high error rate at a low bearing capacity because the
MLR coefcients were calculated by considering the mini-
mization of the total error. Although the proposed MLRT
was modeled considering feld and laboratory load test data,
it showed a relatively low MAE compared with the existing
models. However, there were still large prediction errors for

Table 1: Range of feld and laboratory load test conditions.

Load test su (kPa) ar (%) dp (m) Lp (m) Sr qult (kPa)

Field

Min 12.0 16.0 0.3 1.5 2.0 177.0
Max 100.0 122.0 1.0 14.0 26.7 1346.0
Mean 47.1 72.4 0.7 5.1 8.3 745.7

COV (%) 43.1 46.9 22.1 64.6 89.0 43.6

Laboratory

Min 5.0 4.0 0.02 0.1 3.0 53.5
Max 35.0 100.0 0.10 0.6 16.0 1087.1
Mean 14.7 35.6 0.05 0.3 6.7 299.4

COV (%) 65.1 95.0 42.05 31.7 35.9 97.0
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some load test conditions because MLRT considered only
two variables (ar and su), and the scale efects of the labo-
ratory load test were neglected.

3.3. Estimation of Ultimate Bearing Capacity Using Approach
2. Approach 2 involves establishing MLR models for feld
and laboratory load tests using the same input variables. As
in Approach 1, the number of input variables was set to four,
and various equation forms of the input variables and their
combinations were generated as input variables of the MLR.
However, unlike Approach 1, the diameter and length of the
pier were also considered as input variables because they
were considered for modeling based on the load test scale.

Bong et al. [1] proposed an MLR model to predict the ul-
timate bearing capacity in a feld load test, and the depth of
the footing embedment was considered as an input variable.
However, the depth of the footing embedment was not
considered for MLR modeling in this study because its efect
on the bearing capacity was small. Moreover, the embed-
ment depth was zero in most of the laboratory load tests. As
a result, fve variables (su, ar, dp, Lp, Sr) were considered in
Approach 2, and several types of input values were gener-
ated, as summarized in Table 5.

Consequently, 17,550 MLR models were generated
considering the combinations of 27 input variable types
(27C4 �17,550), and leave-one-out cross-validation was
performed for each model according to the load test scale.

Table 2: Various types of input variables for MLR modeling (Approach 1).

Variable su ar su, ar Shape factor

Input parameter su, s2u, 1/su,
��
su

√ , ln(su) ar, a2
r , 1/ar,

��
ar

√ , ln(ar) suar,
����
suar

√ , 1/suar, su/ar, ar/su Sr, 1/sr,
��
Sr


,

���
1/s

√
, suSr,

��
su

√
Sr

Table 4: Prediction performance of the proposed model and it cross-validation (approach 1).

Model Evaluation case MAE (kPa) MAPE (%) R2 Bias, λ
Mean COV (%)

MLRT Cross-validation 95.5 22.91 0.85 1.01 28.5
MLRT Proposed model 91.7 21.99 0.86 1.01 27.2

Table 3: Cross-validation error evaluation for input variables (Approach 1).

Rank Input variables MAE (kPa) R2 Bias, λ
Mean COV (%)

1 ����
suar

√ , Sr,
��
Sr


, ��

su

√
Sr 95.3 0.86 1.02 36.3

2 ar, ln(su), 1/su, ar/su 95.5 0.85 1.01 28.5
3 su, 1/su, suar,

��
su

√ 96.2 0.85 1.00 28.2
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Figure 6: Comparison of observed and predicted ultimate bearing capacity of the proposed MLR model for approach 1.
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Te optimal combination of input variables representing the
best performance was selected based on the weighted av-
erage of the MAE for the two load test scales, considering the
amount of data. Te results of the error evaluation for the
top three MLR models are summarized in Table 6.

Te combination of (s2u, ln(ar),
����
suar

√ ,
����
1/sr


), which

provided the lowest MAE and bias, was selected as the best
input variable, and the fnal MLR models were established
using all load test data. Te best-ftting MLR models for the
feld (MLRF) and laboratory (MLRL) load tests are expressed
in equations (5) and (6), respectively.

MLRF: qult � −0.04s
2
u − 264.3 ln ar(  + 23.49

����
suar

√
− 517.3

��
1
Sr



+ 841.5, (5)

MLRL : qult � 0.56s
2
u − 10.5 ln ar(  + 8.44

����
suar

√
− 289.1

��
1
Sr



+ 112.1. (6)

Te sign of the regression coefcient indicates whether
each independent variable has a positive or negative cor-
relation with the dependent variable. Te regression coef-
fcients for both models have the same sign, except s2u.
However, these values were considerably diferent. Tis
means that the efect of each independent variable on qult
was diferent, owing to the scale efects of the load test.
Figure 7 presents a comparison of the observed and pre-
dicted ultimate bearing capacities of the fnal MLR models
for Approach 2, and the results are summarized in Table 7.

Te observed and predicted ultimate bearing capacities
were in good agreement, and the weighted average MAE for
both MLR models (MLRF and MLRL) was 47.2 kPa, which
improved the total prediction accuracy by 50% compared
with that of Approach 1.TeMAE, MAPE, R2, and bias were
65.4 kPa, 10.51%, 0.93, and 1.02 for MLRF and 38.3 kPa,
17.89%, 0.96, and 1.02, for MLRL, respectively. Te MAE of
the MLRF was approximately 27 kPa higher than that of
MLRL. However, the ultimate bearing capacity ranges for the
feld and laboratory load tests difered, as shown in Figure 5.
Terefore. Te MAPE was calculated to compare the pre-
diction performance on diferent scales. Te predictive
performance evaluation based on theMAPE was found to be
higher in MLRF than in MLRL because some laboratory load
tests showed a high error in the low bearing capacity range.

3.4. SensitivityAnalysis. Te sensitivity of the input variables
may difer depending on the scale of the load test.Tis can be
understood indirectly by comparing the regression coef-
cients of equations (5) and (6). However, the sensitivity of

each input variable cannot be compared because they are
expressed in various forms. Terefore, a sensitivity analysis
based on Monte Carlo simulations was performed to eval-
uate and compare the infuence of each input variable on qult
according to the load test scale. Te range of each input
variable was estimated for the feld and laboratory load tests,
as summarized in Table 1. As demonstrated by Bong et al.
[1], Sr can be directly used in a sensitivity analysis instead of
considering Lp and dp. Spearman rank correlations were
estimated from the Monte Carlo simulation results, and the
tornado diagram is shown in Figure 8.

Te tornado diagram shows the infuence of the input
variables on the ultimate bearing capacity, and both load test
scales showed a higher infuence in the order of su, ar, and Sr,
indicating a positive relationship with the bearing capacity.
However, the degree of infuence difered according to the
load test scale. For the feld load test, the infuence of su was
the largest, with a correlation coefcient of 0.72, and ar was
found to be an important variable, with a correlation co-
efcient of 0.58. On the other hand, compared with the feld
load test, the infuence of su was extremely high with a
correlation coefcient of 0.96 in the laboratory load test; the
infuence of ar was found to be half. Te Sr in both MLR
models showed low sensitivity, and the diferences were not
signifcant.

3.5. Comparison of Improvement Efects. In the existing
literature, load tests were performed considering various
installation conditions of the pier, and the improvement
efects of aggregate pier-reinforced clay were quantitatively

Table 5: Various types of input variables for MLR modeling in approach 2.

Variable su ar su, ar Shape factor

Input
parameter

su, s2u, 1/su,
��
su

√ ,
ln(su)

ar, a2
r , 1/ar,

��
ar

√ ,
ln(ar)

suar,
����
suar

√ , 1/suar, su/ar,
ar/su

dp, 1/dp, d2
p,

���
dp


, Lp, 1/lp, L2

p,
���
Lp


, Sr, 1/sr,��

Sr


,

����
1/sr



Table 6: Cross-validation error evaluation for input variables
(approach 2).

Rank Input variables MAE
(kPa) R2

Bias, λ

Mean COV
(%)

1 s2u, ln(ar),
����
suar

√ ,����
1/sr

 52.2 0.96 1.02 21.1

2 s2u, ln(ar),
����
suar

√ , 1/sr 52.3 0.96 1.03 21.5
3 s2u, ln(ar),

����
suar

√ , 1/L 52.7 0.96 1.58 371.4
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identifed based on these results. However, as mentioned
earlier, the infuence of the input variables depends on the
load test scale; thus, the efects of ground improvement are
also diferent. Terefore, the diference in ground im-
provement efects according to the installation conditions of

the pier was analyzed using the proposed MLR models
(MLRF and MLRL). By considering the range of input
variables that fall within the range of both feld and labo-
ratory load test data, the range was set to 15–35 kPa for su,
20–100% for ar, and 3–15 for Sr. Five input values with the
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Figure 7: Comparison of observed and predicted ultimate bearing capacity by the proposed MLR models for approach 2.

Table 7: Prediction performance of the proposed model and it cross-validation (approach 2).

Model Evaluation case MAE (kPa) MAPE (%) R2 Bias, λ
Mean COV (%)

MLRF & MLRL Cross-validation (feld + lab.) 52.2 16.75 0.96 1.02 21.1
MLRF & MLRL Proposed model (feld + lab.) 47.2 15.47 0.96 1.02 19.2
MLRF Proposed model (feld) 65.4 10.51 0.93 1.02 13.7
MLRL Proposed model (lab.) 38.3 17.89 0.96 1.02 21.5
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Figure 8: Tornado diagram of relative infuence of the input variables on MLR models.
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same interval for each input variable were considered, and
the qult for a total of 125 cases was calculated. Figure 9 shows
a comparison of the ultimate bearing capacity for feld and
laboratory load tests for 125 cases.

For the same su, qult increased owing to the increase in ar
and Sr; however, the efect of Sr was exceedingly minor
compared to that of ar. Under the same pier installation
conditions, the predicted qult values of the two MLR models
were relatively similar at su lower than 20 kPa, regardless of
ar or Sr. However, the diference was larger as su increased. In
particular, the average qult for the laboratory load test scale at
su � 35 kPa was 1.69 times larger than that of the feld load
test scale. Te diference in qult according to the load test
scale can be calculated as the diference between the two
MLR models, as shown in equation.

MLRL −MLRF: qult � 0.60s
2
u + 253.8 ln ar( 

− 15.1
����
suar

√
+ 228.2

��
1
Sr



− 729.4.

(7)

Sensitivity analysis was performed using equation (7) to
assess the extent to which the variables were afected the
diference in qult between the feld and laboratory load tests.
Here, the data range was set as the range to which both feld
and laboratory load test data simultaneously belong. Te
tornado diagram for Spearman rank correlations is shown in
Figure 10.

It was found that su had a dominant efect on the dif-
ference in qult according to the load test scale, and the in-
fuence of su in predicting the bearing capacity was
overestimated at the laboratory load test scale.Te Spearman
rank correlation coefcient of ar and Sr showed negative
values because, as shown in Figure 8; the correlation coef-
fcient of the two variables for the feld load test was lower
than that in the laboratory load test.

Figure 11 shows the average diference in qult according
to the range of su when the other pier installation conditions
are the same. Te diference in qult according to the load test
scale increases as su increases owing to scale efects and the
infuence of the boundary constraint caused by the exper-
imental equipment. Under laboratory load test conditions,
the soil mass with the installed aggregate pier was con-
strained by a rigid wall. If the boundary condition was within
the range in which the horizontal stress was transmitted by
the loaded spread footing, it acted as a factor that increased
the confning pressure acting on the pier. Additionally, al-
though the pier support condition only considered foating
and end-bearing conditions with Sr of 4 or more, the in-
sufcient height of the experimental equipment afected the
bearing capacity. Te increase in qult with increasing su and

ar was investigated using the proposed MLR models. Te Sr
was fxed at 9, which is the median value of the range, as its
efect on qult was the smallest (Figure 12).

Figure 12(a) shows the change in qult according to ar for
various values of su applied from 15 to 35 kPa, in order from
bottom to top. At the feld load test scale, the increase rate of
qult with increasing ar was small at a low su. However, this
increased as su increased, whereas the change in qult
according to ar was almost similar regardless of su at the
laboratory load test scale. Figure 12(b) shows the change in
qult according to su for various values of ar applied from 20%
to 100%, in order from bottom to top. At the laboratory load
test scale, the increase rate of qult according to su was almost
similar regardless of ar, and the increase in qult with in-
creasing su was notable. At the feld load test scale, qult also
increased with increasing su, and this was more pronounced
when arwas high. However, compared to the laboratory load
test scale, the rate of increase of qult with increasing su was
found to be lower.Te linear slope of the laboratory load test
scale was 3.6 times greater at ar � 20% and 1.6 times greater
at ar � 100% than that of the feld load test scale.
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4. Conclusions

Compared to expensive feld load tests, laboratory load tests
are economical, and the independent variables are easier to
control. However, laboratory load tests are usually per-
formed on a small scale and sufer from scale efects.
Terefore, the efects of the improvement conditions on the
bearing capacity are diferent from those at the feld. In this
study, the efects of the improvement conditions for pre-
dicting the bearing capacity according to the load test scale
were quantitatively analyzed and compared. Based on the
results of this study, the following conclusions were drawn:

(1) 85 laboratory load test data that satisfed certain
criteria were collected from the literature. All load-
settlement curves in the literature were digitized and
redrawn, and the ultimate bearing capacity was
determined using the hyperbolic method. Ten, 75
laboratory load tests were selected by fnding outliers
that reduce prediction performance using leave-one-
out cross-validation and excluding them from
modeling.

(2) Two modeling approaches were used to predict the
bearing capacity. Approach 1 was used to model the
entire data set without considering the experimental
scale, whereas Approach 2 was used to model each
load test scale while using the same input variable.

(3) In Approach 1, the fnal MLR model that showed the
best performance was the prediction model only by
su and ar with MAE� 91.7 kPa and MAPE� 21.99%,
which is relatively insignifcant compared to the
existing models. However, there are still large pre-
diction errors that are difcult to apply in practice.

(4) In Approach 2, the combination of (s2u, ln(ar),
����
suar

√ ,����
1/Sr


) was selected as the best input variable in the

two MLR models with an average MAE of 47.2 kPa.
Te MAE, MAPE, R2, and bias were 65.4 kPa,
10.51%, 0.93, and 1.02 for MLRF and 38.3 kPa,
17.89%, 0.96, and 1.02, for MLRL, respectively.
Terefore, efective prediction of the ultimate
bearing capacity was possible using the proposed
MLR models, resulting in improved prediction
accuracy.

(5) Sensitivity analysis showed that su in MLRL had a
higher sensitivity with a correlation coefcient of
0.96 compared to MLRF. In contrast, the sensitivity
of ar in MLRL was less than half that of MLRF. Te Sr
in both MLR models had low sensitivity, and the
diference between the two MLR models was not
signifcant.

(6) Te diference in the bearing capacity prediction
according to the experimental scale was expressed as
an equation, and su with a correlation coefcient of
0.96 was found to have the greatest efect on the
diference in bearing capacity.

(7) Under the same improvement conditions, the pre-
dicted qult of MLRL and MLRF were relatively similar
at su lower than 20 kPa. However, the diference in

qult according to the experimental scale was found to
be considerably larger with increasing su, and the
average qult for the laboratory scale at su � 35 kPa was
1.69 times larger than that at the feld scale because of
the scale efects and infuence of boundary condi-
tions on the experimental equipment in the labo-
ratory load test.

Te infuence of the experimental scale on the bearing
capacity difers depending on the experimental conditions
(e.g., scaling factor and boundary condition). However,
there is a limit to separately identifying these efects using the
collected load test data. Te proposed MLR models can
efectively predict the bearing capacity with high prediction
accuracy using only three variables (su, ar, Sr) and grasp the
infuence of the load test scale and the diference in ultimate
bearing capacity. Moreover, the MLR models can be easily
improved by updating the coefcients by considering the
addition of new load test data. However, the proposed MLR
models are regression equations based on a load-test da-
tabase. Terefore, it is necessary to check whether the range
of the input data is included in the load test database
summarized in Table 1, and caution should be exercised
when applying the proposed MLR models to new input data
that lie outside the bounds of the load test database.
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